The non-stationary and multi-frequency nature of biomedical signal activities makes the use of time-frequency distributions (TFDs) for analysis inevitable. Time-frequency analysis provides simultaneous interpretations in both time and frequency domain enabling comprehensive explanation, presentation and interpretation of electrocardiogram (ECG) signals. The diversity of TFDs and specific properties for each type show the need to determine the best TFD for ECG analysis. In this study, a performance evaluation of five TFDs in term of ECG abnormality detection is presented. The detection criteria based on extracted features from most important ECG signal components (QRS) to detect normal and abnormal cases. This is achieved by estimating its energy concentration magnitude using the TFDs. The TFDs analyse ECG signals in one-minute interval instead of conventional time domain approach that analyses based on beat or frame containing several beats. The MIT-BIH normal sinus rhythm ECG database total records of 18 long-term ECG sampled at 128 Hz have been analysed. The tested TFDs include Dual-Tree Wavelet Transform, Spectrogram, Pseudo Wigner-Ville, Choi-Williams, and Born-Jordan. Each record is divided into oneminute slots, which is not considered previously, and analysed. The sample periods (slots) are randomly selected ten minutes interval for each record. This result with 99.44% detection accuracy for 15,735 ECG beats shows that Choi-Williams distribution is most reliable to be used for heart problem detection especially in automated systems that provide continuous monitoring for long time duration.
Introduction
The study of vital and bioactivity signals, which are typically non-stationary and multi-component in nature, can help physicians in their medical decisions and surgical operations. Usually, these small, weak signals are affected by many noise and interference sources generated either from the working environment or the human body itself [1] . Accordingly, frequency domain-based techniques for the analysis process, such as the Fourier transform, are indispensable. The electrocardiogram (ECG) is one of the most important biological signals captured from a human body; it is considered as a heart activity measuring tool, reflecting the electrical repolarization and depolarization rhythm of the ventricles and atria. Because of the non-stationary nature of ECG and other human body electrical signals, a Fourier transform alone is not sufficient, and it lacks a description of the frequency with respect to time [2] . Likewise, the time domain suffers from the absence of frequency component information. However, the time-frequency technique can be used to overcome this limitation of one-dimensional analysis, providing an accurate characterization of ECG signal behaviour and giving information that is not provided by the time domain or frequency domain, as well as presenting the ECG signal power as a time and frequency function [3] .
The main concept in Time-Frequency Distribution is an instantaneous bandwidth and instantaneous frequency as a function of multi-component signal analysis. For each timefrequency distribution (TFD) component, there is an energy focus around the instantaneous frequency side that can be used to estimate signal frequency variations [4] . TFDs can be found in many classes and formulas; one of the most known distributions is Cohen's class or the quadratic class. This approach describes the TFD by a kernel function, from which properties of the Cohen class are extracted. However, the Cohen distribution's disadvantage lies in unwanted crossterms as a result of the quadratic nature and multi-component analysis. Valid methods have been developed to mitigate cross-terms while enhancing the resolution of the timefrequency distribution [5, 6] . The.
Many algorithms and related works have been proposed in the literature. P. Chang et al. [7] proposed a study for a new diagnosis approach by analysing myocardial signals and classifying them with a hybrid system technique [8] . In 2012, Fayn [9] suggested an approach that supports a new classification of a decision tree with condition-based combinations in competition with the T-3C. Tsipouras and Fotiadis [10] developed an automatic arrhythmia detection algorithm based on heart rate features. Banerjee and Mitra [11] proposed an ECG classification and analysis method by using a cross-wavelet transform. In [12, 13] , the authors present an ECG analysis based on a TFD technique. Analyses of heart rate variability based on time-frequency distributions are presented in [14, 15] . SL Fernandes et al. [16] propose a novel framework for measuring heart rate, where this framework adopts the LAB color facial video. Arunkumar N et al. [17] propose a new method for classify a human bio-signal. This method extract a various features by adopting different entropies such as Sample entropy, Reyne entropy, and Approximate entropy. Neophytou et al. [18] developed a semi-automated analysis method for ECG signals based on time-frequency techniques, which increased the reliability of signal detection. Other adaptive algorithms have been developed for characterizing vital signal diagnosis and removing noise [19] [20] [21] . Fraiwan et al. [22] proposed a new approach for an automated identification system that employs TFDs. Also, other new developments have featured algorithms for S-transform [23] , ECG signal analysis for cardiac health automated diagnosis [24, 25] , and advanced analysis with quadratic TFDs [26] [27] [28] . Benmalek and Elmhamdi [29] proposed a method for using a spectrogram in analysing multi-component nonparametric biomedical signals by using a number of 10-s data intervals from the MIT-BIH arrhythmia database and applying the algorithm. M. Sharma et al. [30] demonstrate an intelligent algorithm for Electroencephalogram (EEG) biomedical signal classification by using the entropy of Wavelet coefficients. This algorithm can detect the discriminate focal class (FC) and non-focal class (NFC). D. Bhati et al. [31] propose a design of three band time-frequency localization of biorthogonal linear phase wavelet filter bank which can classify epileptic seizure [32] .
A performance evaluation of TFDs was presented in this study. The TFDs evaluation based on different level energy concentration detection to different normal ECG signals. This method employ features that extracted by using TFD to determine specific frequency band components energy of QRS complex wave. Unlike the conventional methods that use few seconds data intervals in analysing process, proposed method use longer time intervals consisting one-minute slots in order to increase detection probability of ECG signals with heart disease patterns [33] . The longest duration analysis will contribute to improve the detection of irregular cases where many heart diseases need more than few seconds to capture it [34] . Moreover, this proposed method can provide a tangible result as one metric number indicating heart condition instead of mere visual images. This metric is essential for automated detection capability of heart diseases. To obtain best results, well-known linear and bilinear TFDs such as Dual-Tree Wavelet, Spectrogram, pseudo Wigner-Ville, Choi-Williams, and Born-Jordan are used to analyse the MIT-BIH normal sinus rhythm database [35] , for 18 persons equivalent to 15,735 number of ECG beats.
Electrocardiogram
The ECG is a heart electrical activity measure that reflects the action of blood pumping in the human body. This signal is primarily a composite of beats that contain peaks and valleys; these signals are arranged in three fundamental waves: P, QRS and T. Figure 1 shows a single ECG beat [36] . The P wave is the first ECG component and is formed from atrium depolarization; the QRS wave is formed from ventricle depolarization, and the T wave is formed from ventricle repolarization. The P, QRS and T waves differ from person to person in amplitude, shape and duration, but are still similar in general morphologies; thus, we can analyse different ECG signals with the same algorithm [26, 37] . Moreover, the different ECG wave parts is a composite from multi-component as a result of specialized cells electrical activities [38] . Figure 2 shows how the ECG beat construction for healthy people [39] . The specialized cells for different heart parts activities (Sinus node, Atrial muscle, A-V node, Common bundle, Bundle branches, Purkinje fibers, and Ventricular muscle) contribute to form the ECG signal. Disorder in one or more of these parts will lead to disturbance in the normal heart rhythm that affects the measured ECG signal. The combination of these components give a spread collections of various cases about the heart conditions that can be classified into many categories, therefore, complicating diagnosis procedures [40] .
Time-Frequency Analysis
The primary aim of time-frequency (TF) analysis is to prepare a function that will simultaneously characterize the signal energy density in time and frequency. The related terminologies in TFD are Intermediate Frequency (IF) and Spectral Delay (SD). IF is the local maximum frequency at a given time which corresponds to sine wave frequency that locally represents a best-analysed signal, while SD is a frequency time arrival measure for a joint time-frequency representation. The TFD is foreseeable to show the time and frequency law for each signal component in the time-frequency domain, that way makes IF and SD estimation easier and more sophisticated. Also, it can provide information about duration and amplitude for each signal component, and its instantaneous bandwidth which is the IF around spread spectral.
In order to analyse a signal S(t) by a TFD, a group of properties are expected to satisfied as follow [41] The TFD can be classified according to linearity property shown in Fig. 3 . Two main classes are the linear and bilinear or quadratic class. Linear class correlates the tested signals with amplitude only while bilinear or quadratic that spread the signal energy over time and frequency variables. Beside time-frequency domain (t,ω), there is a time-scale domain (t,s). The (t,s) is not a function of time-frequency but time and Bs^that somehow related to frequency as an approach to (t,ω) domain [42, 43] .
TF analysis permits sharing of the time-frequency resolution. However, when applying TF for analyzing signals with a multi-component nature, it is possible for cross-terms to grow in the intermediate energy between time and frequency. For this reason, the TFDs should provide a reduction in crossterms to ensure that the sources of TFD off-diagonal matrix elements are small enough that the diagonal structure can be maintained [5, 44] .
Linear Time-Frequency Distribution
The Linear TFD describes the linearity aspect of signal energy distribution through window function. Two important linear TFDs are wavelet transform (WT) and the Short-Time Fourier Transform (STFT).
The Wavelet and Dual-Tree Wavelet
The wavelet transform (WT) is a result of signal convolution with time and scales of a mother wavelet ; it is defined as [45] :
Where
The wavelet frequency content is defined by terms of scales that are inversely related to frequencies and time shift factor u. Therefore, the squared form of WT is called the scalogram. The input signal to WT is disbanded by using a combination of high and low pass filters followed by a down-sampling process in each stage [46] . Figure 4 shows the three scales of WT, the first stage high pass filter output gives the coefficient detail D1, while the low pass filter gives the approximation coefficient A1 [47] . In this study, we use Daubechies mother wavelet of order 2 (Db2) for ECG feature extraction which it is quite similar to QRS morphology.
The classical WT is a powerful analysing tool; however, it suffers from problems such as shift variance, down-sampling and coefficient oscillation in both negative and positive magnitude [48] . There are many solutions to overcome these unwanted properties of WT coefficients fail such as Dual-Tree Continuous Wavelet Transform (DTCWT) which use two WT filters for signal decomposition [49] . The two filters combination termed Banalytical filter^operates in parallel as shown in part of a wavelet while lower side (Tree B) handles the imaginary part [50] . The two disintegration trees are taken as the real and imaginary portions of the complex wavelet coefficients. The property of near translation invariance is achieved by designing the wavelet filter sequences in such a way that they form an approximate Hilbert transform pair [51] .
Spectrogram Distribution
The spectrogram distribution is a single processing method used to analyse multi-component non-stationary signals. The core action of this method is to extract many frames from the analysed signal with a moving window over the time. Each extracted frame can be monitored as stationary so that a Fourier transform can be applied. The spectrogram distribution is defined by the following eqs. [52] :
Bilinear Time-Frequency Distribution
Although TFD linearity is required property, the bilinear or quadratic TFD structure assumption becomes essential when the need to time-frequency energy distribution or instantaneous power spectrum is required. The TFD approach is described by BKernel^function. The kernel is an auxiliary function that reflects the properties of TFD, and kernel testing can ascertain the distribution property. Cohen's general class combines most used TFD into a single expression supported by respective kernels. The computation method of Cohen's class is shown in Fig. 6 . Cohen's class or the quadratic class can be obtained as a general class defined in [53] :
Where s(u) is the signal and φ(θ, τ) is a two-dimensional kernel function defined by:
The kernel function must satisfy φ(θ, 0) = φ(0, τ) = 1 and φ(θ, τ) = φ * (−θ, −τ) in order to achieve the marginal properties. To avoid negative frequency component spectrum, the Hilbert transform is used to derive input signal to analytic representation response of 1/πt [54] . Various distributions can be obtained by selecting different kernels. This approach has the advantage of generic proof, and enable studies for the enhancement of the distribution properties. Figure 7 shows the graph of the kernel for Choi-Williams and Born-Jordan distributions.
Pseudo Wigner-Ville Distribution
The Wigner-Ville distribution (WVD) for a continuous signal is given as follows:
Its kernel function is
The Wigner-Ville covers most mathematical properties involved in analysis. The WVD is real-valued, maintains time and shifting frequencies and satisfies marginal features that generate an instantaneous power and power spectrum [55] .
However, from (9), we find that the WVD only utilizes time, indicating that there is no factor for controlling crossterms and that it may be larger than auto terms [56] . To mitigate undesirable interference in WVD, it is necessary to apply a type of smoothing in both the time and frequency axes, which is achieved by the pseudo Wigner-Ville distribution (PWVD) as follows [57] :
Where the G(t-τ,ω-u) function is called a smoothing factor. We can consider this function as a window function, and the smoothing is performed by a convolution between WVD and the window function, while τ and u are smoothing parameters. However, these benefits gained against drawbacks such as auto-terms blurring and loss of properties [53] .
Choi-Williams Distribution
The Choi-Williams distribution (CWD) belongs to the Cohen general TFD class. This distribution uses an exponential kernel to mitigate cross-term values. This adoption is necessary and allows for the optimization and reduction of cross-terms. The CWD can be expressed as follows:
The kernel function is as follows:
σ is a real parameter. The kernel function can control both the cross-term magnitude plus the time and frequency resolution. The CWD is useful for suppressing undesired cross-terms as well as for obtaining high CW resolution; however, a compromise is required between these factors, denoted by σ [58] .
Born-Jordan Distribution
The Born-Jordan distribution (BJD) is very similar to the Choi-Williams distribution. It maintains the energy variation as well as the marginal properties that will lead to reduced cross-terms while keeping the high resolution of the BJD; this distribution is expressed as follows [59] :
and the kernel function is
Methodology
TFDs are mainly compared regarding accuracy and energy concentration when it uses to represent and analyze monocomponent as well as multi-component frequency signals. The TFD that allow best and simple frequency law estimation considered to be the best TFD model [57, 60] . Many researchers such as Stanković [61] , Boashash [41] , and Swiercz [62] focused on finding the best distribution that satisfies the high energy concentration of auto-term and low energy concentration of cross-term as well. The proper distribution choice is subject to compromise between frequency resolution and energy concentration. For example, the quadratic time only scale class such as B-Distribution which is a subclass of Cohen's general class [63] . This distribution is more suitable to analyse the Heart Rate Variability (HRV) which is a slow rate variation signal, where it suppresses the cross-term artifacts efficiently but at the expense of resolution [64, 65] .
The well known commented ECG records from the MIT-BIH normal sinus rhythm database are used in our study; these data are classified as normal cases without significant arrhythmia signs, and they included 18 long-term ECG recordings from 13 women and 5 men with two channels sampled at 128 Hz. Each record has a footnote describing the ECG beats in detail. Figure 8 shows ECG waves from normal records in the database.
The evaluation scheme used in this study employs the QRS related features that extracted from 1-min intervals. Where these features are reflect the energy distribution of QRS complex wave that can give a valid information about heart conditions. According to features information, each TFD performance will be evaluated to find the suitable distribution that can used in ECG signal analysis. Table 1 illustrates typical values for lead II from the ECG signal; lead II has standard clinical features measured in a healthy person with typical sinus rhythm. Figure 9 shows the power spectrum of a normal ECG signal. Note that the peaks of the power spectrum are in the range of 0.1 to 45 Hz, indicating that most of the signal's spectral information can be found in this frequency range [66] .
As it presented in time-frequency analysis literature, TFDs need to set up carefully the required parameters that control the resolution, intermediate frequency (IF) and energy concentration of input analysed signals. Many researchers were proposed methods to evaluate and optimize TFDs parameters such as Boashash [41] , Abdelkhalek [67] , Swiercz [62] , and Khan [68] . However, the evaluation method in [41] takes into account most TFD variables especially the cross-term effect which can give more accurate evaluation results rather than others. In this method, the researcher proposes a performance factor (P i ) that can provide an indication of TFD efficiency. The same criteria were adopted in this study to evaluate the σ value of ChoiWilliams distribution where the setup of TFDs parameters are set as follows:
1. The wavelet: in this study, the Daubechies mother wavelet of order 2 (Db2) was used. This mother wavelet can give the best result in ECG signal analysis since it is too similar to ECG signal [69] . 2. Spectrogram: use large rectangular window length of total 1-min samples which equal to 7680 samples. The increasing of window size selection can compromise the output results. It will give the best result for frequency resolution while keeping a good result for time resolution [70] .
3. The Wigner-Ville and Born-Jordan distributions window size depends on the signal size where the τ value is the difference between two successive samples. 4. Choi-Williams distribution: scaling factor (σ) should be within the range from 0.1 to 10, where the higher values estimate the Choi-Williams to the Wigner-Villa distribution [71] . Table 2 shows the result of σ value that gives an optimized performance for CWD which is set to 5.
The ECG signal in the test scheme is decomposed into several desired time and frequency bins; the number of these bins is related to the frequency component domain. For the MIT-BIH normal sinus rhythm database, the frequency component range is limited from 0 to 64 Hz according to the original signal sampling. The main part of ECG signal that used to differentiate the signal normality is the QRS complex which is denoted by 5-22.5 Hz [72] . The related QRS complex features are extracted according to the following methodology:
1. Segment the total ECG signal record for lead II into 1-min intervals.
Apply a base-line wander filter to the ECG signal; this
filter is normally a 0.1-Hz FIR high-pass filter. 3. Apply the time-frequency distribution to the signal from 1, using five distribution types for comparison (Dual-Tree Wavelet, Spectrogram, Pseudo Wigner-Ville, ChoiWilliams, and Born-Jordan). Fig. 9 Normal ECG spectrum 4. Calculate the mean energy concentration of the discrete time-frequency, setting up time bins or slots of the TFD with a marginal magnitude (N); in this case, the magnitude ranges from 10 to the total sample number. Then, select the band range for the QRS complex of ECG signal as follows:
5. Normalize the Result from 4 to Unify the Output as Follows:
6. Identify the result with a threshold ρ selected depending on the output. Entries highlighted in bold refer to detection level 
Results and Discussion
The validation and evaluation process for the proposed method requires using all records in the MIT-BIH database. This database contains a normal sinus rhythm records were it analysed with ten different random periods (1 min for each period duration) by using five time-frequency distributions in addition to the proposed method. The main objective of this method is to estimate and identify the multiple-frequency contents of the ECG signal and then to reflect the contents in a tangible percentage threshold ρ. The value of ρ will be based on results from different distribution algorithms that calculate the related signal energy. Many recent studies discussed the using of threshold technique to recognize or isolate the energy features of bio-signals such as Burnos et al. [73] , MG. Tsipouras et al. [10] , and C. Xiaomeng et al. [74] . The threshold method will label the extracted features into two labels according to energy information that contained; normal or abnormal. Note that features are result from 1-min interval which not considered previously. Figure 10 shows the used TFDs components result for random 1-min ECG analysis in this study while Entries highlighted in bold refer to detection level Entries highlighted in bold refer to detection level level corresponding to the ECG signal for each period contains valid information from the energy spectrum of the QRS complex wave components. This information reflects the different heart conditions activities which are subjected to change at any time. The QRS complex is a more significant part of ECG signal. It contains a valid information corresponds to the heart depolarization of the left and right ventricle, and the heart rate can easily estimate from R-R intervals. Tables 3, 4 , 5, 6, and 7 show the mean of energy concentration for each TFD at 1-min ECG datasets repeated over ten Entries highlighted in bold refer to detection level Entries highlighted in bold refer to detection level random different periods. The selection of ρ value is subject to validation process between the used database and the obtained results as well. The MIT-BIH normal sinus rhythm database is well-documented comments that contain many remarks for each complete record where the record length is around 12 h. The threshold value is set to be 50% in order to validation results compared to record notes. The results above 50% for the different time-frequency distribution calculation methods represent a high percentage information that refers to normal ECG signal compared with those below 50% which refers to abnormal conditions. The threshold value ρ reflect the QRS complex frequency components structure which varies due to different cases and even within case itself. This variation will take into account the heart conditions that can be measured and interpreted in realtime for emergency cases that may happen in remote locations where it take time to find near clinic or hospital. The results summarized in Table 8 , for the Dual-Tree Wavelet transform, there are 17 false negative (FNs); in the Spectrogram, there are 15 FNs; in the Pseudo Wigner-Ville, there are 10 FNs; in the Choi-Williams distribution, show only 1 FN; and there are 9 FNs for the Born-Jordan. The false negative (FNs) can be caused by many factors where the non-stationary biomedical signals still suffer from a different kind of noise during gathering processes. This noise or artifact can be caused by lousy electrode contact to human body, external disturbance such mains electrical power noise, respiration movement, etc. The using of TFDs for bio-signal analysis will mitigate the prospective artifacts and increase the accuracy of abnormal cases detection.
The total method accuracies are illustrated in Table 9 ; we can conclude from these results that the best fit time-frequency Entries highlighted in bold refer to detection level The rest TFDs show different results based on each distribution method for localizing instantaneous frequency and cross-term suppression. These factors are important to specify the distribution quality of signal decomposition to its basic components. However, all distributions used in this study are achieved high detection accuracy (90.55% in Dual-Tree Wavelet Transform) that give a strong indication of the importance TFDs using in non-stationary signals analysing. Table 10 presents a comparison of other methods with the results from the proposed scheme. The accuracy rate can be computed from
The accuracy rate is computed from ten random periods for each record. Where it can ensure the valuation of each method in spread time of signal.
The previous calculations consider the entire ECG recording duration. The data at the beginning of the testing may be misleading due to various factors such as fear of medical equipment, especially for patients using it for the first time, noise that occurs from volunteers moving during the first few moments of the test, ECG artefacts, etc. In previous results, it is clear that we can obtain a higher accuracy ratio if this period is omitted, especially in the Choi-Williams distribution. An error-free detection rate can be obtained if we start the analysis from the third minute; however, this approach requires more time in medical screening, especially for type B patients (heart problems without prior symptoms) [46, 18] . This issue is important in enhancing automated early detection systems for heart disease. This technique can be used to improve and control sudden heart problems and to mitigate physician errors that may occur as a result of long ECG datasets that must be monitored to obtain a precise interpretation.
Conclusions
The main objective of this study was to present a method for performance comparison of cutting edge TFDs that used for ECG signals abnormalities detection by estimating energy concentration of QRS complex from a composite ECG. Tests are performed using records from the MIT-BIH normal ECG database. In this comparative study, five well-known time-frequency distributions (Dual-Tree Wavelet Transform, Spectrogram, Pseudo Wigner-Ville, Choi-Williams, and Born-Jordan) are used. Then, the chosen threshold value from the results gives a recognition indication, where this indication is a tangible value. We note that this proposed estimation method showed optimal performance when using the ChoiWilliams distribution with mean deviation. The chosen threshold value was 50%, giving 99.44% accuracy in ten random different 1-min ECG datasets from 180 different tests for each method, corresponding to a total 15,735 number of ECG beats. The 1-min approach is essential for automated heart evaluation where many heart diseases need more time period duration to be discovered. Future improvement for this proposed method is by studying more robust features from the time-frequency matrix relevant to ECG analysis and longer time period duration. Chang et al. [6] 85.71% Fayn [7] 96.90%
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